Warm and dry climatological conditions favour the occurrence of forest fires. These fires then 10 become a significant emission source to the atmosphere. Despite this global importance, fires are a local 11 phenomenon and are difficult to represent in a large-scale Earth System Model (ESM). To address this, 12 the INteractive Fire and Emission algoRithm for Natural envirOnments (INFERNO) was developed. 13 INFERNO follows a reduced complexity approach and is intended for decadal to centennial scale climate 14 simulations and assessment models for policy making. Fuel flammability is simulated using temperature, 15 relative humidity, fuel density as well as precipitation and soil moisture. Combining flammability with 16 ignitions and vegetation, burnt area is diagnosed. Emissions of carbon and key species are estimated 17 using the carbon scheme in the JULES land surface model. JULES also possesses fire index diagnostics 18 which we document and compare with our fire scheme. Two meteorology datasets and three ignition 19 modes are used to validate the model. INFERNO is shown to effectively diagnose global fire occurrence 20 (R=0.66) and emissions (R=0.59) through an approach appropriate to the complexity of an ESM, 21 although regional biases remain. 22 23 Geosci. Model Dev. Discuss., 2 Model description 54 2.1 INFERNO 55 INFERNO was constructed upon the simplified parameterization for fire counts proposed and evaluated 56
Introduction 24
Fire is a key interaction between the atmosphere and the land surface (Bowman et al., 2009 ). Its impacts 25 are wide-ranging: it influences forest succession (Bond and Keeley, 2005) , is a tool for deforestation 26 (van der Werf et al., 2009) and is an important natural carbon source (Bowman et al., 2013) , while it also 27 provides a major natural hazard to humans through property and infrastructure destruction and air quality 28 degradation (Johnston et al., 2012; Marlier et al., 2013) . Not only are biomass burning emissions 29 substantial in magnitude (Lamarque et al., 2010) , they also drive the variability of atmospheric 30 composition (Spracklen et al., 2007; Voulgarakis et al., 2010 Voulgarakis et al., , 2015 and impact short-term climate 31 forcing (Tosca et al., 2013) . 32
There are feedbacks between fire and climate: low-humidity conditions cause droughts, which enhance 33 fire activity (Field et al., 2009) , which, in turn, emits aerosols and trace gases (Akagi et al., 2011), 34 influencing the abundances of radiatively active atmospheric constituents, cloud formation and lifetime, 35 and in turn precipitation, and surface albedo (Voulgarakis and Field, 2015) . Bistinas et al. (2014) showed 36 global fire frequency is correlated with land-use, vegetation type and meteorological factors (dry days, 37 soil moisture and maximum temperature) and human presence tends to noticeably reduce fire activity 38 (land-management, landscape fragmentation and urbanization). Examining and quantifying such impacts 39 and feedbacks is paramount to Earth System Models (ESMs), yet to integrate vegetation fires presents 40 many challenges as it intricately links multiple disciplines from ecology to atmospheric chemistry and 41 physics and climate science. First, we can assume constant or ubiquitous ignitions, currently calibrated to a global average of $ = 79 1.67 ignitions km -2 month -1 . This corresponds to 1.5 ignitions km -2 month -1 due to humans ( * ), 80 heuristically determined, and 0.17 ignitions km -2 month -1 natural ignitions due to lightning ( + ), derived 81 from the multi-year annual mean of 2.7 strikes km -2 year -1 (Huntrieser et al., 2007) assuming 75% of 82 strikes being cloud-to-ground (Prentice and Mackerras, 1977) . This mode inherently suppresses the 83 variability in fires due to any anthropogenic or natural ignition changes Shindell, 2009, 84 2010 Second, human ignitions and suppressions can be assumed to remain constant at the global mean value 86 mentioned above ( * = 1.5 ignitions km -2 month -1 ), however cloud-to-ground lightning strikes may vary, 87 and in addition each strike is assumed to start a fire. This mode accounts for natural variability in fire 88 ignitions, which can be simulated within an ESM, or prescribed from observations. 89
Third, varying human ignitions and suppressions and varying natural ignitions (cloud-to-ground 90 lightning strikes, as in mode 2). This was the original ignition approach in Pechony and Shindell (2009), 91 which was left unchanged and is detailed below. In this ignition mode, anthropogenic ignition and 92 suppression depends on population density (PD), as proposed by Venevsky et al. (2002) . 93
* =
(1) 94 PD is in units of people km -2 , and = 6.8× 45.6 is a function that represents the varying 95 anthropogenic influence on ignitions in rural versus urban environments. The parameter = 0.03 96 represents the number of potential ignition sources per person per month per km 2 . Both natural and 97 anthropogenic ignitions have the potential to be suppressed by humans, such that the fraction of fires not 98 suppressed is: 99 +: = 7.7 (0.05 + 0.9 × 45.5? @A )
(2) 100 Equation 2 includes a scaling factor (Pechony and Shindell, 2009 ) originally introduced to calibrate the 101 number of fires to MODIS observations. Assuming no suppression for the first two ignition modes 102 ( +: = 1), total ignitions (I T , in units, ignitions m -2 s -1 ) can be represented as (Eq. 3): 103 $ = + + * +: (8.64 × 10 D5 )
(3) 104
Dividing by 8.64 × 10 D5 converts ignitions km -2 month -1 to ignitions m -2 s -1 . 105
Flammability (F) 106
We adapt the (Pechony and Shindell, 2009) scheme for flammability to function interactively within an 107 ESM (see Eq. 6). Starting from the saturation vapour pressure ( * , Eq. 4; Goff and Gratch, 1946) and 108 its temperature dependence, we introduce a Fuel Density index ( @G$ , Eq. 5) as well as Relative 109 Humidity (RH), precipitation and soil moisture in order to obtain Flammability (Eq. 6). The land surface 
RH is the relative humidity (%) and R is the precipitation rate (mm day -1 ). The influence of relative 124 humidity ( ) scales between (and is bound by): 0 (at a threshold of sz{ = 10%) and 1 (at a threshold 125 of r• = 90%). We then adapt the formula by replacing a vegetation index dependent on leaf area 126 index with the Fuel Density index (FD). Finally, Flammability ( @G$ ) is dependent on upper-level (down 127 to 0.1 m) soil moisture: is the unfrozen soil moisture as a fraction of saturation. The individual 128 importance of these variables to our model is illustrated in Fig. A1 . 129
Burnt Area (BA) 130
Our approach is to associate an average burnt area per fire to each PFT, effectively decoupling the fire-131 spread stage from local meteorology and topography, which is typically not resolved in the relatively 132 coarse grid of an ESM. An average burnt area ( @G$ ) was heuristically determined for each PFT: 0.6, 133
1.4 and 1.2 km 2 for trees, grass and shrubs, respectively, such that grass and shrubs will fuel larger fires 134 than trees. Observational evidence supports that the land cover type is an efficient way to characterize 135 fires, which tend to be larger in grasslands than in forests (Chuvieco et al., 2008; Giglio et al., 2013) . 136
The BA is then calculated following Eq. 7: 137 @G$ = $ @G$ @G$ 
Emitted Carbon (EC) 147
To account for the wetness of fuel in INFERNO, combustion completeness (the fraction of biomass 148 exposed to a fire that was volatized) scales linearly with soil moisture (as a fraction of saturation) with 149 different upper and lower boundaries for leaf and stem carbon. 150 and Merlet (2001) and its updates. To convert these biome-specific EFs to PFT specific EFs, each PFT 163 was linked to a fire biome (see Table A1 ). INFERNO uses these to estimate emissions (Eq. 9). 164 ",@G$ = @G$ ",@G$ /[ ] (9) 165
Here " is the amount of species X emitted by fires (in kg m -2 s -1 ), is the emitted carbon (in kgC m -2 166 s -1 ) and " is the PFT-specific emission factor (see Table 1 ) (in kg of species emitted per kg of biomass 167 burnt), and [ ] is the dry biomass carbon content, express as a percentage (Lamlom and Savidge, 2003) . 168
INFERNO currently provides emissions for basic trace gases: CO 2 , CO, CH 4 , NO x , SO 2 and aerosols: 169 organic carbon (OC) and black carbon (BC). 170 (Table A1) occurrence and emissions (with R=0.66 for burnt area and R=0.59 for emitted carbon). In addition, 254 regional mean yearly budgets are compared with GFED in Table B1 . We notice burnt area is higher in 255 Table 2 shows the budgets for four latitudinal bands across the various simulations performed. The 310 second ignition mode (constant anthropogenic and interactive lightning ignitions at any time and place) 311 appears to consistently predict lower emissions and burnt area (with the exception of low latitudes). 312 Furthermore, the main impact of using an ignition model that varies with both natural and anthropogenic 313 ignitions is a reduction of fires at low (tropical and sub-tropical) latitudes, and an increase in equatorial 314 regions. Indeed, when compared to constant ignitions (mode 1), interactive ignitions (mode 3) predict 315 more emissions in forest encroachment regions (noticeably surrounding the Congo and Amazon 316 rainforests), and less in heavily-populated areas (Nigeria, India). Meanwhile, we observed interactive 317 lightning ignitions (mode 2) significantly reduced burning in grassland-savannah environments. We link 318 this to the predominance of cloud-to-ground lightning strikes in wet environment within the LIS-OTD 319 dataset (e.g. the Congo rainforest, (Christian et al., 2003) and fewer strikes (and ignitions) in the more 320 flammable grasslands and savannahs. These issues are visible in Fig. B1 , which shows difference maps 321 of the four model configurations, for 1997-2010 mean yearly totals. Equatorial and boreal regions include 322 peat that leads to large fuel consumption, which is unaccounted for in JULES, suggesting that our model 323 will inherently underestimate emissions from these regions. annual burnt area (Giglio et al., 2013) . This analysis relies on the assumption that fire indices can be used 329 as a proxy for fire occurrence and spread, and eventually burnt area. Only areas that had been observed 330 to burn sometime between 1997 and 2010 were sampled; to avoid accounting for high fire indices in 331 non-vegetated areas such as the Sahara. 332 Table 3 shows the result of our analysis. Ignitions followed mode 1; in this mode ignitions are constant, 333 therefore the only variability in burnt area (and performance) is due to INFERNO's flammability scheme. Asia and boreal areas. The use of different present-day meteorological datasets, in particular 360 precipitation, has an important impact on the magnitude and variability of our diagnostics. Using 361 WFDEI-GPCC rather than CRU-NCEP led to more burnt area but lower fuel consumption and eventually 362 less emitted carbon (this follows from grasslands burning rather than forests). Vegetation zone interfaces 363
Table 1. INFERNO's emission factors per PFT created from the emission profiles in
were key to this difference. Similarly, lightning appears to ignite more fires in wet environments 364 
